In this paper, the historical power load data from the National Electricity Market (Australia) is used to analyze the characteristics and regulations of electricity (the average value of every eight hours). Then, considering the inverse of Euclidean distance as the weight, this paper proposes a novel short-term load forecasting model based on the weighted k-nearest neighbor algorithm to receive higher satisfied accuracy. In addition, the forecasting errors are compared with the back-propagation neural network model and the autoregressive moving average model. The comparison results demonstrate that the proposed forecasting model could reflect variation trend and has good fitting ability in short-term load forecasting.
using its proximity data, the reciprocal of the calculated distance is used to determine the weight for each data point; (3) the closer the distance, the greater the weight, thus the data points can be better classified and the short-term load can be better forecasted. Comparing the model structure with the similar works proposed by Llames et al. [26] , Rana et al. [27] , and Troncoso et al. [28] , which use 10-min electricity demand, hourly electricity load, and price, respectively, for one day ahead to calculate the weight by the distance of the neighbors. On the contrary, the proposed model in this paper can extract the inertia of the electricity consumption behaviors from larger historical load data (i.e., the normal production life cycle in China: three load data patterns for each eight hours in a day) to calculate the weights by the reciprocal of the distance, which also avoid being bounded in the characteristics of the short cycle. It can be emphasized that the proposed model is based on the state space and the production life cycle to determine the weights, which can capture the weight more accurately.
The rest of this paper is organized as follows. In Section 2, the details of the K-NN algorithm are introduced briefly. In Section 3, a short-term load forecasting model based on the W-K-NN algorithm is proposed and the main steps of the proposed model are also illustrated. In Section 4, the proposed model is simulated and compared with two common alternative models (i.e., the autoregressive-moving average (ARMA) and the BPNN models). In Section 5, a brief conclusion of this paper and the future research are provided.
The K-NN Algorithm
The K-NN algorithm is proposed to find out k training samples that are closest to the target object in the training set. Furthermore, determine the dominant category from the k training samples; then, assign this dominant category to the target object, where k is the number of training samples.
Therefore, the principal mechanism of the K-NN algorithm is that all samples have the same characteristics while they are classified in the same category in a feature space, which the category contains the k most neighboring samples. In determining the classification decision, the method determines the category to which the sample belongs only according to the category of the nearest one or several samples. In addition, the K-NN algorithm is only relevant to a very small number of adjacent samples in category decision making. Since the K-NN algorithm mainly relies on the surrounding limited adjacent samples, rather than relying on the method of discriminant domain method to determine the category, thus the K-NN algorithm is more suitable than other methods for the pending sample sets where the class domain crosses or overlaps more. The idea of the K-NN algorithm is demonstrated in Figure 1 . In which, X u belongs to the category (ω 1 ) because four neighboring samples belong to ω 1 , only one neighboring sample belongs to ω 3 .
The specified implementation process of the K-NN algorithm contains the following six steps,
(1) Select the k value; (2) Calculate the distance between the point in the known category data set and the current point; (3) Sort in increasing order of distance; (4) Select k points with the smallest distance from the current point; (5) Determine the frequency of occurrence of the category in which k points are located; (6) Return to the category with the highest frequency of occurrence of the first k points as the predicted classification of the current point.
The K-NN algorithm needs to calculate the distance between the forecasted data point and the known data point, so as to the select the nearest k labeled data, {y 1 , y 2 , . . . , y k }, where y 1 represents the known data point closest to the forecasted point; y 2 represents the known data point that is the second closest to the forecasted point, and so on. Therefore, the short-term load forecasting can be conducted by the K-NN algorithm regression as Equation (1),
where s i represents the ith forecasted value, which is the average value of s y j (j = 1, 2, . . . , k); s y j represents the forecasted value of the jth closest known data point (y j ).
where s represents the ith forecasted value, which is the average value of ( = 1,2, … , );
represents the forecasted value of the jth closest known data point ( ). 
Short-Term Load Forecasting Model based on W-K-NN
In order to establish the short-term load forecasting model based on the proposed W-K-NN algorithm, the specified implementation process contains the following three steps, and the associated flow chart is demonstrated in Figure 2 .
K-value selection
Construct the theoretical sample set and output level Calcuate the Euclidean distance New calculation formula (1) Selection of the value of k. For a research sample (S) in its associated feature space, most of the K nearest adjacent samples belonged to a certain category, and the sample, S, also belonged to this category. Then, the appropriate nearest neighbor parameter, k, is selected based on the characteristics of the research samples in this category. In which the characteristics mean that 
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Construct the theoretical sample set and output level Calcuate the Euclidean distance New calculation formula (1) Selection of the value of k. For a research sample (S) in its associated feature space, most of the K nearest adjacent samples belonged to a certain category, and the sample, S, also belonged to this category. Then, the appropriate nearest neighbor parameter, k, is selected based on the characteristics of the research samples in this category. In which the characteristics mean that (1) Selection of the value of k. For a research sample (S) in its associated feature space, most of the K nearest adjacent samples belonged to a certain category, and the sample, S, also belonged to this category. Then, the appropriate nearest neighbor parameter, k, is selected based on the characteristics of the research samples in this category. In which the characteristics mean that similar historical electricity consumption behaviors will definitely form agglomeration in a certain space.
(2) Construct the theoretical sample set and output set. Based on the principle of random distribution (to ensure all historical electricity consumption behaviors are likely to be traversed not limited to the local optima), calculate the Euclidean distance between the forecasted data point and the known data point. Then, the reciprocal of the distance is used as the weight for each forecasted data point. Eventually, the forecasted value of each data point could be received (by Equation (6), refer Section 3.2). (3) Forecasting accuracy evaluation. To verify the forecasting accuracy, the root mean square error (RMSE) and the normalized mean square error (NMSE) are employed as the principal evaluation indexes. They are calculated as Equations (2) and (3), respectively. The smaller the value for the forecasting errors, the more accurate the forecasting results. Thus, the forecasting results, computed by MATLAB software R2017a version, would be used to calculate the forecasting errors with the actual data values, the reliability and the forecasting accuracy of the proposed model would be further verified.
where s i represents the ith forecasted electricity load value; a i represents the ith actual electricity load value; a represents the mean value of N actual electricity load values; N represents the total number of forecasted electricity load.
To demonstrate the universal applicability of the proposed model, the data are divided into large sample and small sample, respectively. The large sample is divided by quarter (i.e., in each quarter, the data of the first two months are used as the theoretical modeling samples to forecast the electricity load values of the third month). The small sample is divided by month (i.e., in each month, the data of the first three weeks are used as the theoretical modeling samples to forecast the electricity load values of the fourth week).
The following two sub-sections would introduce the details of the first two steps.
Selection of the Value of k
Based on the K-NN algorithm, k is a user-defined neighbor parameter, which is used to classify samples to be classified according to the category label with the highest frequency of occurrence among the k training samples that are closest to the selected data point. If the value of k is too large or too small, it will increase the interference to the data and reduce the classification accuracy. In the case where the value of k is small, the complexity of the model is higher (i.e., it is easy to suffer from the over-fitting problem), and there is an increase of the estimation errors. Eventually, the forecasting results are very sensitive to the neighbor data points. On the contrary, in the case where the value of k is large, it would reduce the estimation errors; however, the approximation errors would be simultaneously increased, and the training data points farther from the input data point will also affect the forecasting results. Therefore, in general applications of the K-NN algorithm, the value of k is often set as a relatively small value, but must be an integer.
In this paper, the trial and error method was adopted to observe the experimental results and to determine the suitable value of k (i.e., the determined value of k were fixed during the forecasting processes). For example, the determined suitable values of k for small samples and large samples are illustrated in Tables 1 and 2 , respectively. In which, the small samples were based on the electricity loads for three weeks; the large samples were based on two months. Based on the comparison of the experimental results in Tables 1 and 2 , it was found that when k was determined as 2, the experimental error was relatively small and the fitting effect was good.
Weights Calculation and New Forecasting Values
As mentioned in Section 3.1, if the nearest neighbor number, k, is determined as 2, then the Euclidean distance between the forecasted data point (s j ) and the known data point (y j ) was calculated by Equation (4) .
The weight for each forecasted data point was calculated by the reciprocal of the distance, as shown in Equation (5).
Then, the final forecasted value (s i ) of each data point was calculated by Equation (6) .
Finally, the proposed W-K-NN model was used to forecast the electricity load values of the third month (for the large sample) and the electricity load values of the fourth week (for the small sample), respectively.
Forecasting Accuracy Evaluation Indexes
As mentioned above, RMSE (Equation (2)) and NMSE (Equation (3)) were used to evaluate the forecasting accurate level in this paper. In addition, for comparing with other models in existing paper, two other evaluation indexes were also employed: (1) the mean absolute error (MAE); and (2) the mean absolute percentage error (MAPE). They are calculated as Equations (7) and (8), respectively.
where s i represents the ith forecasted electricity load value; a i represents the ith actual electricity load value; a represents the mean value of N actual electricity load values; N represents the total number of forecasted electricity load. Via the accuracy evaluation indexes, such as the RMSE and the NMSE, the degree of variation and dispersion of the forecasting results could be further explained, and compared, so as to verify the reliability and accuracy of the model.
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Forecasting Results and Analysis
The proposed W-K-NN model performed the forecasting processes and the associated results. The employed electricity load data were acquired from National Electricity Market (NEM, Australia), in total 1095 electricity load data, and data time period was from 8:00 on 1 January 2007 to 0:00 on 1 January 2008. In this paper, the collected data were based on an eight-hour scale (i.e., mean value of every eight hours), which often adopts the eight-hour work system (i.e., three shifts), as shown in Table 3 . The electricity load forecasting values of the third month (for the large sample) or of the fourth week (for the small sample) were obtained by the proposed W-K-NN model, the associated forecasting results are demonstrated in Figure 3 (large sample) and Figure 4 (small sample), respectively. the mean absolute percentage error (MAPE). They are calculated as Equations (7) and (8), respectively.
where s represents the ith forecasted electricity load value; represents the ith actual electricity load value; ̅ represents the mean value of N actual electricity load values; N represents the total number of forecasted electricity load.
Via the accuracy evaluation indexes, such as the RMSE and the NMSE, the degree of variation and dispersion of the forecasting results could be further explained, and compared, so as to verify the reliability and accuracy of the model.
Results and Discussions
Forecasting Results and Analysis
The proposed W-K-NN model performed the forecasting processes and the associated results. The employed electricity load data were acquired from National Electricity Market (NEM, Australia), in total 1095 electricity load data, and data time period was from 8:00 on 1 January 2007 to 0:00 on 1 January 2008. In this paper, the collected data were based on an eight-hour scale (i.e., mean value of every eight hours), which often adopts the eight-hour work system (i.e., three shifts), as shown in Table 3 . The electricity load forecasting values of the third month (for the large sample) or of the fourth week (for the small sample) were obtained by the proposed W-K-NN model, the associated forecasting results are demonstrated in Figure 3 (large sample) and Figure 4 (small sample), respectively. It can be learned from Figure 3 that the forecasting curve changed periodically, due to the three-stage-division of the data in a day. The first stage was from 0:00 to 8:00 (i.e., the period is at night, also is the origin in the figures); the second stage was from 8:00 to 16:00 (i.e., that is the first half of a day, the first point in the figures); and, the third stage was from 16:00 to 0:00 (i.e., that is the next half of a day, the second point in the figures. The three stages form a cycle (i.e., one activity cycle); in addition, a work cycle contains a total of seven cycles. The specific characteristics of electricity used in a cycle could be illustrated as follows: (1) The night was from 0:00 to 8:00, the residents' daily electricity and educational electricity were at their lowest valley; the industrial electricity consumption was also small, so the lowest value of electricity consumption would occur during this period. (2) Start working at 8:00 in the morning, so the electricity consumption would gradually increase, until reaching the peak. (3) After 16:00, according to the production capacity demand plans, industrial production work load was generally reduced, so the electricity consumption would gradually decline.
Based on above observations, the trend of the curve variation in Figure 3 is in line with the actual electricity consumption. The third stage forecasting curve of each cycle in Figure 3a deviates from the actual curve, it may be caused from: (1) increased demand at this stage; or (2) a sudden increase in the workload of industrial production. Therefore, it can be learned from Figure 3 that the trend of the actual data and the forecasting data were generally consistent. Although there were certain errors, it was in line with the actual situation, and it indicates that the proposed W-K-NN model is suitable for short-term neighbor behavior detection, impact characterization, and could be weighted by the collected information, and, eventually, provide more effective and accurate forecasting results. It can be learned from Figure 3 that the forecasting curve changed periodically, due to the three-stage-division of the data in a day. The first stage was from 0:00 to 8:00 (i.e., the period is at night, also is the origin in the figures); the second stage was from 8:00 to 16:00 (i.e., that is the first half of a day, the first point in the figures); and, the third stage was from 16:00 to 0:00 (i.e., that is the next half of a day, the second point in the figures. The three stages form a cycle (i.e., one activity cycle); in addition, a work cycle contains a total of seven cycles. The specific characteristics of electricity used in a cycle could be illustrated as follows: (1) The night was from 0:00 to 8:00, the residents' daily electricity and educational electricity were at their lowest valley; the industrial electricity consumption was also small, so the lowest value of electricity consumption would occur during this period. (2) Start working at 8:00 in the morning, so the electricity consumption would gradually increase, until reaching the peak. (3) After 16:00, according to the production capacity demand plans, industrial production work load was generally reduced, so the electricity consumption would gradually decline.
Based on above observations, the trend of the curve variation in Figure 3 is in line with the actual electricity consumption. The third stage forecasting curve of each cycle in Figure 3a deviates from the actual curve, it may be caused from: (1) increased demand at this stage; or (2) a sudden increase in the workload of industrial production. Therefore, it can be learned from Figure 3 that the trend of the actual data and the forecasting data were generally consistent. Although there were certain errors, it was in line with the actual situation, and it indicates that the proposed W-K-NN model is suitable for short-term neighbor behavior detection, impact characterization, and could be weighted by the collected information, and, eventually, provide more effective and accurate forecasting results.
(a) It can be learned from Figure 4 , that the forecasting data curve demonstrates a rising and downward trend of cyclical variation, and consists of the actual data change trend. Similar to the small sample, the day data was also divided into three stages: from 0:00 to 8:00 (the first stage), from 8:00 to 16:00 (the second stage); and from 16:00 to 0:00 (the third stage). According to the arrangement of one day's workload, it can reflect the cyclical variations, which indicates that this model can effectively reveal the rules of electricity consumption activities in each divided time period, particularly in the lowest points (i.e., the valley period). It demonstrates that this model can detect the information of the demand turning point (i.e., the demand is greater than the production capacity of the enterprise in this moment). Therefore, at this moment (valley period), for the power sector, it needs to organize production to simultaneously take into account market's needs and own resources, managers should use their relatively fixed production capacity to meet changing market needs, such as several units are used to complete the power generation task.
Based on above observations, it can be seen from the Figure 4a ,d that their fitting effects were good, while in Figure 4b ,c, the fitting process shows a certain deviation, especially when the demand It can be learned from Figure 4 , that the forecasting data curve demonstrates a rising and downward trend of cyclical variation, and consists of the actual data change trend. Similar to the small sample, the day data was also divided into three stages: from 0:00 to 8:00 (the first stage), from 8:00 to 16:00 (the second stage); and from 16:00 to 0:00 (the third stage). According to the arrangement of one day's workload, it can reflect the cyclical variations, which indicates that this model can effectively reveal the rules of electricity consumption activities in each divided time period, particularly in the lowest points (i.e., the valley period). It demonstrates that this model can detect the information of the demand turning point (i.e., the demand is greater than the production capacity of the enterprise in this moment). Therefore, at this moment (valley period), for the power sector, it needs to organize production to simultaneously take into account market's needs and own resources, managers should use their relatively fixed production capacity to meet changing market needs, such as several units are used to complete the power generation task.
Based on above observations, it can be seen from the Figure 4a ,d that their fitting effects were good, while in Figure 4b ,c, the fitting process shows a certain deviation, especially when the demand was turning to decrease (i.e., the top point, or the peak point), the fitting performance was not good. It also demonstrates that this model found it difficult to detect the oversupply information from the market. It was also affected by uncertain factors such as vacation and work plan; however, the error was not large and was within the controllable range.
Forecasting Results Comparison
In order to demonstrate the superiority of the proposed model, the ARMA model and BPNN model were selected for comparison analysis. The comparison results for both small sample and large sample are shown in Tables 5 and 6 , respectively.
The following brief the modeling processes for these two employed models. ARMA model is one of the most common time series models, it is widely used in economic field forecasting. The ARMA model principle is to regard the data sequence formed by the forecasting index over time as a random sequence. The dependence of this random sequence reflects the continuity of the original data in time. On the one hand, the influencing factors are relatively fixed and are easily expressed and explained. On the other hand, it has its own regulations of change, and the inertia is easily described. Therefore, the ARMA model was used to compare with the proposed W-K-NN model. By using MATLAB software R2017a version, after multiple tests, the AR order was determined to be 3. The electricity load forecasting values of the third month (for the large sample) could be obtained by using the data of the first two months, or, of the fourth week (for the small sample) could be obtained by using the data of the first three weeks. Then, the forecasting accuracy indexes, the RMSE and the NMSE (Equations (2) and (3)), were employed to calculated the forecasting accuracy for each case.
In general, for the stationary time series, the forecasting model could be determined from the auto-correlation function (ACF) and the partial auto-correlation function (PACF), the judgment criteria of the ARMA model are shown in Table 4 . The ACF and the PACF graphs for the small sample and the large sample are illustrated in Figures 5 and 6 , respectively. It can be easily found that, in both samples, the ACF was trailing and the PACF was truncated, and there was a large attenuation after the third order ( Figure 5 is outside the blue circle, while Figure 6 is outside the red circle). Thus, the AR (3) model was selected. In Figures 5 and 6 , the ACF was defined as the correlation between time series and − , as shown in Equation (9),
The PACF was defined as the correlation between −1 , −2 , …, and − +1 . Q-statistics was defined as Equation (10),
where n is the number of the forecasting points; m is the delay points.
Q-statistics would be approximated to Chi-square ( 2 ) distribution with m-degree of freedom;
therefore, the decision rule is "Q-statistics is larger than 1− 2 ( )" or "p-value is smaller than significant level ( )". As mentioned above, the characteristics of the National Electricity Market (NEM, Australia) data set obviously reveal that a day can be regarded as a physiological cycle (the so-called micro-production cycle), and it can be divided into three stages: (1) the first stage, from 0:00 to 8:00; (2) the second stage, from 8:00 to 16:00; and (3) the third stage, from 16:00 to 0:00. The electricity load forecasting values in the third stage can be found by using the electricity load data from the first two stages, it also reflects the applicability and rationality of this model.
The BPNN model, also known as the back propagation neural network, which is, through the training of the sample data, to continuously revise the network weights and thresholds to reduce the In Figures 5 and 6 , the ACF was defined as the correlation between time series y t and y t−j , as shown in Equation (9),
The PACF was defined as the correlation between y t−1 , y t−2 , . . . , and y t−k+1 . Q-statistics was defined as Equation (10),
Q-statistics would be approximated to Chi-square (χ 2 ) distribution with m-degree of freedom; therefore, the decision rule is "Q-statistics is larger than χ 2 1−α (m)" or "p-value is smaller than significant level (α)".
As mentioned above, the characteristics of the National Electricity Market (NEM, Australia) data set obviously reveal that a day can be regarded as a physiological cycle (the so-called micro-production cycle), and it can be divided into three stages: (1) the first stage, from 0:00 to 8:00; (2) the second stage, from 8:00 to 16:00; and (3) the third stage, from 16:00 to 0:00. The electricity load forecasting values in the third stage can be found by using the electricity load data from the first two stages, it also reflects the applicability and rationality of this model.
The BPNN model, also known as the back propagation neural network, which is, through the training of the sample data, to continuously revise the network weights and thresholds to reduce the forecasting errors along the negative gradient direction, and eventually approximate the expected output. BPNN model has been widely applied in function approximation, data compression, and time series forecasting. In order to reveal the self-adaptability and sensitivity of electricity demanding behavior, the BP neural training toolbox of the MATLAB software, R2017a version, was implemented to forecast electricity load values by using the data of the first two months (for the large sample), or using the data of the first three weeks (for the small sample). In the BPNN modeling process, network layers were chosen as three, and intermediate neurons were selected as 10. The functions for hidden layer and output layer function were chosen as follows: Tansig (Tangent S type transfer function) and Logsig (Logarithmic sigmoid transfer function) were used as the implicit layer node transfer function, and Trainglx function was selected as the output layer node transfer function. Then, the forecasting accuracy indexes for each sample were calculated for comparison.
The proposed W-K-NN model not only has several theoretical advantages, such as less training parameters and good timeliness, but also had higher forecasting accuracy than ARMA and BPNN models, for both the small sample and large sample, as shown in Tables 5 and 6 , respectively. Thus, it is more suitable for solving the nonlinear problem with time-varying uncertainties in short-term load forecasting. The error values of RMSE and NMSE, obtained by the proposed W-K-NN model, in the small and large samples were both relatively small, and from Figures 3 and 4 , the stability of the proposed W-K-NN model had certain volatility. However, with the better performances of these two evaluation indexes, the proposed W-K-NN model could provide more accurate forecasting results. For ARMA model, its accuracy may be affected by different parameters, due to the assumptions of the ARMA model that even if all the errors are completely objective, the forecasting process will still be affected by some uncertainties. Thus, the forecasting errors were unable to be reduced. However, the stability of the forecasting errors of the ARMA model was better, which indicates that it has its own robustness and inherent regularity. For the BPNN model, not only were the forecasting errors large, but also the stability of the forecasting errors fluctuated largely. This may be caused by the lack of training set of the BPNN model. After the case comparison and empirical investigation, the specific reasons for the above situation were found as follows: (1) The summer vacation of Australian schools is often from the middle of November to the end of February; therefore, the electricity consumption demonstrates great differences and instabilities from December to January; (2) From the view point of the annual plan of industrial production, a large amount of industrial production is generally carried out at the beginning of the year. Principal marketing activities are carried out in the middle of the year, namely clearance of stock. Additionally, some output may be increased at the end of the year. Therefore, the differences of the electricity consumption are relatively large between the beginning and the end of a year, but the middle of the year is relatively stable.
Finally, verification of the significance of the accuracy improvement of the proposed W-K-NN model was also an important issue. The forecasting accuracy comparisons in both samples among ARMA, BPNN, and W-K-NN models were implemented by the Wilcoxon signed-rank test under 0.025 and 0.05 significant levels (one-tail), respectively [29, 30] . The Wilcoxon signed-rank test is a famous statistical test tool. It is suitable for pair comparison to evaluate whether their performance is different. It often uses Student's t-test as the statistics, particularly for those cases that the associate population could not be guaranteed to satisfy the normally distributed [31] . The Wilcoxon signed-rank test results for small and large samples are demonstrated in Tables 7 and 8 , respectively. Obviously, the proposed models all received significant forecasting results, compared with other alternative models, under two significant levels. In order to compare the advantages of the proposed model, a similar model (namely recency effect model) from a published paper [32] in GEFCom2012, was employed. The recency effect model was also used to extract similar features in time, the more prominent forecasting effect was reflected in summer and winter. According to [32] , in summer, the electricity load data from June 1 to June 17, 2007 (17 days in total) were employed as the training set to forecast the electricity load from June 18 to June 24 (total 7 days); in winter, the electricity load data from October 21 to November 13, 2007 (24 days in total) to forecast the electricity load from November 14 to November 21, 2007 (total eight days).
The forecasting results of the proposed model are demonstrated in Figure 7 . In which, it was found that the forecasting accuracy was superior at both the peak point and the valley period, particularly for the valley, its forecasting performances were very prominent. Table 9 shows the forecasting errors in terms of RMSE, NMSE, MAE, and MAPE. It can be seen that it had the same advantages and effects as the recency effect model. It was more prominent in summer, which indicates that it was superior in capturing the laws of summer economic activities. In order to compare the advantages of the proposed model, a similar model (namely recency effect model) from a published paper [32] in GEFCom2012, was employed. The recency effect model was also used to extract similar features in time, the more prominent forecasting effect was reflected in summer and winter. According to [32] , in summer, the electricity load data from June 1 to June 17, 2007 (17 days in total) were employed as the training set to forecast the electricity load from June 18 to June 24 (total 7 days); in winter, the electricity load data from October 21 to November 13, 2007 (24 days in total) to forecast the electricity load from November 14 to November 21, 2007 (total eight days).
The forecasting results of the proposed model are demonstrated in Figure 7 . In which, it was found that the forecasting accuracy was superior at both the peak point and the valley period, particularly for the valley, its forecasting performances were very prominent. Table 9 shows the forecasting errors in terms of RMSE, NMSE, MAE, and MAPE. It can be seen that it had the same advantages and effects as the recency effect model. It was more prominent in summer, which indicates that it was superior in capturing the laws of summer economic activities. *: The MAPE is based on the hourly average error values; and the value inside of () is the average error value from the recency effect model.
Conclusions
In this paper, the nearest neighbor distance algorithm was adopted to give the appropriate weights for each data point to construct a new short-term load forecasting model (the so-called W-K-NN model), and this proposed model was then applied to the actual short-term load forecasting job. Some important conclusions were as follows:
(1) Through the different samples verification and forecasting error analysis, it is found that the proposed W-K-NN model has higher forecasting accuracy and effectiveness. Additionally, it can be widely applied in short-term load production decision making, for example, power users can make efficient energy-saving renovation plans based on the evaluation results, and eventually improve the electricity efficiency. (2) Compared with the ARMA model and the BPNN model, the fitting ability of the proposed W-K-NN model is more superior to these other two models. It can not only objectively and comprehensively reflect the actual energy efficiency level of power users, but also better meet the development needs of modern smart grid and intelligent control systems. (3) In the future, authors will combine the short-term forecasting approach with the medium-short-term forecasting approach, to detect the market demand shrinking information problem, particularly for the upper-point point (peak) of the electric behavior regulations. Meanwhile, authors will also look for an optimized approach to optimize the weight, in order to improve the forecasting accuracy, for example, for the complete, the same, or very closed commodities, their weights would be set as huge or even infinite; therefore, when calculating the reciprocal distance, some constant can be added to revise the distance. 
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